The linear scale invariance of the multivariate alteration detection (MAD) transformation is used to obtain invariant pixels for automatic relative radiometric normalization of time series of multispectral data. Normalization by means of ordinary least squares regression method is compared with normalization using orthogonal regression. The procedure is applied to Landsat TM images over Nevada, Landsat ETM+ images over Morocco, and SPOT HRV images over Kenya. Results from this new automatic, combined MAD/orthogonal regression method, based on statistical analysis of test pixels not used in the actual normalization, compare favorably with results from normalization from manually obtained time-invariant features.
Introduction
Radiometric normalization of satellite imagery requires, among other things, an atmospheric correction algorithm and the associated atmospheric properties at the times of image acquisition. For most historical satellite scenes, such data are not available and even for planned acquisitions they may be difficult to obtain. A relative normalization based on the radiometric information intrinsic to the images themselves is an alternative whenever absolute surface radiances are not required, for example in change detection applications or for supervised land cover classification.
Several methods (Du et al., 2002; Furby & Campbell, 2001; Hall et al., 1991; Moran et al., 1992; Schott et al., 1988) have been proposed for the relative radiometric normalization of multispectral images taken under different conditions at different times. All proceed under the assumption that the relationship between the at-sensor radiances recorded at two different times from regions of constant reflectance is spatially homogeneous and can be approximated by linear functions. The most difficult and timeconsuming aspect of all of these methods is the determination of suitable time-invariant features upon which to base the normalization. Nielsen et al. (2002 Nielsen et al. ( , 1998 recently proposed a change detection technique, called multivariate alteration detection (MAD) , which is invariant to linear and affine scaling. Thus, if one uses MAD for change detection applications, preprocessing by linear radiometric normalization is superfluous. However, radiometric normalization of imagery is important for many other applications, such as mosaicking, tracking vegetation indices over time, supervised and unsupervised land cover classification, etc. Furthermore, if some other, non-invariant change detection procedure is preferred, it must generally be preceded by radiometric normalization.
We have applied the MAD transformation to select the no-change pixels in bitemporal images, and then used them for radiometric normalization. The procedure is simple, fast and completely automatic and compares very favorably with normalization using hand-selected, time-invariant features.
Selecting invariant pixels
In order to mask out the change pixels in a bitemporal scene, we first form linear combinations of the intensities for all N channels in the two images, acquired at times t 1 and t 2 . Representing the intensities by the random vectors F and G, respectively, we have
where a and b are constant vectors. Nielsen et al. suggest determining the transformation coefficients so that the positive correlation between U and V is minimized. This means that the difference image U -V will show maximum spread in its pixel intensities. If we assume that the spread is primarily due to actual changes that have taken place in the scene over the interval [t 2 , t 1 ], then this procedure will enhance those changes as much as possible. Specifically, we seek linear combinations such that
subject to the constraints
and with Cov(U, V)>0. Note that under these constraints
where q is the correlation of the transformed vectors U and V,
The combined random vector for the bitemporal scene (F G) is assumed to have zero mean and variance -covariance matrix
Extremalizing the covariance Cov(U, V) under the constraints (Eq. (2)) is equivalent to extremalizing the unconstrained function
where m and l are Lagrange multipliers. This leads to the coupled generalized eigenvalue problems
Thus, the desired projections U = a M F are given by the eigenvectors a 1 . . .a N corresponding to the generalized eigenvalues
fg with respect to P gg corresponding to the same eigenvalues. Nielsen et al. (1998) refer to the N difference components
as the multivariate alteration detection (MAD) components of the combined bitemporal image. The covariances of the MAD components are given by
where d ij is Kronecker's delta,
The components are thus orthogonal (uncorrelated) with variances
The last MAD component has maximum spread in its pixel intensities and, ideally, maximum change information. The second-to-last component has maximum spread subject to the condition that the pixel intensities are statistically uncorrelated with those in the first MAD component, and so on. The MAD components are invariant under linear transformations of the original image intensities. We can see this as follows. Suppose the second image G is transformed according to some linear transformation H = TG. The relevant covariance matrices are then
The eigenvalue problems (Eq. (4)) are therefore equivalent to X fg T M T X as before. Given this scale invariance, we can select for radiometric normalization all pixel coordinates which satisfy
where t is a decision threshold. Under the hypothesis of no-change, the above sum of squares of standardized MAD variables is approximately chi-square distributed with N degrees of freedom. We therefore choose t = v N,P = 0.01 2 where P is the probability of observing that value of t or lower.
The pixels thus selected should correspond to truly invariant features so long as the overall radiometric differences between the two images can be attributed to linear effects. Since this method usually identifies quite a large number of no-change pixels, we can, without serious penalty, reserve some fraction of them for subsequent testing and use the remaining pixels for performing the linear regressions.
With regard to the actual normalization on the basis of the no-change pixels, this is usually done by means of ordinary least squares (OLS) regression analysis, see, e.g. (Yang & Lo, 2000) , which is a method that allows for measurement uncertainty (or error) in one variable only. For radiometric normalization, both variables involved have measurement uncertainty associated with them-in fact which variable is termed reference and which is termed unnormalized data is arbitrary. We have therefore also investigated orthogonal linear regression to perform the actual normalization, as this method treats the data symmetrically. The method is explained in detail in Appendix A.
Data and results
The data set used to investigate radiometric normalization consisted of Landsat TM (thematic mapper) images over Morocco and Nevada and SPOT HRV (high resolution visible) images over Kenya.
Two Landsat-7 ETM+ (extended thematic mapper) images acquired over Morocco on December 19, 1999 and October 18, 2000 (see Fig. 1 ) were examined for comparison of the MAD procedure with normalization based on invariant features. The areas were selected on the basis of availability of ground reference data on features of constant reflectance. The dimensions of the scenes were 729 Â 754 pixels. The Nevada data consisted of one Landsat-4 TM and five Landsat-5 TM scenes taken at approximately monthly intervals in the second half of 1991. A region of interest (1000 Â 1000 pixels) was chosen having some agricultural activity (pivot irrigation) and significant cloud cover at the time used as normalization reference, see Fig. 2 . The Kenya data consisted of two SPOT HRV images recorded in 1987 and 1989 over an agricultural region near Thika just north of Nairobi, Fig. 3 . The size of scenes was 512 Â 512 pixels. These data were chosen to illustrate radiometric normalization in a non-arid region.
The Morocco and Nevada scenes were registered to one another by applying an automatic contour matching algorithm due to Li et al. (1995) and using second-order polynomial, nearest-neighbor resampling. The RMS errors were less than 0.5 pixel. The Kenya data were geocoded to a common reference map with similar accuracy.
Morocco
As mentioned above, the Morocco scenes, for which ground reference data were available, were used to compare the MAD procedure with normalization based on manual selection of invariant features; see, e.g. Schott et al. (1988) . The features were chosen from dark, bright and medium reflectance surfaces representative of the surface variability, see Table 1 .
In their original paper on ''pseudo-invariant features'' (PIFs), Schott et al. (1988) do not use ordinary linear regression, but rather assume a direct (error-free) linear relation between digital numbers recorded from man-made features at two times. Since imagery is always subject to stochastic measurement error, we prefer to use regression methods which allow for this error. Fig. 4 shows the orthogonal regressions (solid lines) for normalization of the two Morocco images, based on 2/3 of the no-change pixels (referred to henceforth as ''training pixels'') determined from the invariant features. For comparison, the results of ordinary least squares regression are also given (dashed lines). Note that orthogonal regression leads to a consistently higher slope and correspondingly smaller intercept than ordinary regression. The fitted intercepts (â) and slopes (b) for ordinary regression are shown in Table 2 for the 7200 training pixels, those for orthogonal regression in Table 3. Tables 4 and 5 show, respectively, the means and variances of the 1999 scene before and after normalization to the 2000 scene using the ordinary least squares regression line. They were determined with the 3600 holdout test pixels. Tables 6 and 7 show similar results after normalization using the orthogonal regression lines.
In contrast with the manually selected data, Fig. 5 displays the orthogonal and ordinary least squares regressions for normalization of the two Morocco images based on 11 260 no-change training pixels derived from the MAD procedure. Tables 8-13 give the corresponding information on regression statistics and on the comparisons of means and variances with 5630 test pixels.
Comparing Tables 4 and 6 , we see that the paired t-tests for equal mean values of the individual bands after the manual normalization are better (the differences and t-values are closer to zero and the p-values are higher) for OLS regression for all bands except TM7. The p-value is the probability of finding a larger value of jtj. We also see that for all bands except TM1 for both OLS and orthogonal regression, none of the p-values are below 5%. This means Comparing Tables 5 and 7 , we see that the band-wise variances are quite different after normalization for both OLS and orthogonal regression. The F-values are the ratios between the variances of the reference data and the normalized data. These values should be close to one. The significance levels show that we can assume equal variances for TM4 with OLS and for TM3, TM4, TM5 and TM7 with orthogonal regression since these are all higher than 5%.
Comparing Tables 9 and 12 , we see that the paired t-tests for equal mean values of the individual bands after the MAD-based normalization are better (the differences and tvalues are closer to zero and the p-values are higher) for OLS regression for all bands. We also see that for all bands for both OLS and orthogonal regression, none of the pvalues are below 5%. This means that we can assume that the band-wise mean values are equal after normalization. Also the T 2 -test for equality of the mean vectors of all bands after normalization shows significant equality. The T 2 -value is lower (5.777 vs. 6.063) and significance level is higher, i.e., better (0.4493 vs. 0.4169) for orthogonal regression.
In Tables 10 and 13 , the F-tests for equal variances show that we cannot reject the hypothesis of equal variances for any band with orthogonal regression whereas we must reject Table 7 As in Table 5, for orthogonal regression   TM band  1  2  3  4  5  7 Uncorrected (2000) Finally, the plots in Figs. 4 and 5 clearly show a lot more scatter in the no-change pixels for the manual method corresponding to lower correlations as seen in Tables 2 (or  3) and 8 (or 11).
In spite of the better OLS fit for the means, all the above shows that in this case the automatic MAD-based normalization outperforms the manual normalization and that orthogonal regression is to be preferred over the OLS regression normally applied to normalization.
Nevada
Five of the Nevada images (August through December, 1991) were normalized to the July, 1991 image with the MAD procedure using orthogonal regression as described above. Fig. 6 displays the reference image (lower center) and of the December, 1991 target image before (upper left) and after normalization (upper right). The main spectral differences prior to normalization are due to Sun elevation, circular pivot plantations and clouds. Normalization to the July image as reference results in a qualitatively similar image for December. Since the clouds and irrigation pivots represent real changes, they have no influence on the calibration. The only other subjectively evident differences after normalization are the longer shadows in the December scene and some bidirectional reflectance effects in the mountainous areas.
For radiometric normalization over arid areas, both atmospheric differences and actual changes in surface reflectance are likely to be small. Fig. 7 displays the overall mean pixel intensities in the six Landsat TM images before and after normalization to the July image. The intensities have been averaged over all six non-thermal bands. The means were calculated using the 33% holdout test pixels. Also shown in the figure are the unnormalized mean intensities multiplied by the factor
where h i is the Sun zenith angle and d i is the Earth -Sun distance for each of the six acquisition dates. Since the sensor gains and offsets were constant over the acquisition period, this is equivalent to a normalization without atmospheric correction. Therefore, the variations may be attributed to differences in atmospheric absorption and scattering.
Kenya
The Kenya data are from an agricultural region near Thika just north of Nairobi and were used to test the MAD normalization based on both OLS and orthogonal regression on data from a non-arid region. The images cover the town of Thika, large pineapple fields to the north and small coffee fields to the northwest of Thika.
Results for the test pixels (not shown) are similar to those of the data from arid regions: although we see more scatter and therefore less correlation (especially for band 3) than in the cases with arid data, both OLS and orthogonal regression give normalized data with the same mean as the reference data, OLS gives better significance. OLS regression gives significantly different variances whereas orthogonal regression gives equal variances. Also the RMSEs are smaller for orthogonal regression. Fig. 8 shows the cumulative distribution functions for the three bands before and after MAD-based normalization with orthogonal regression: a visually pleasing fit has been obtained.
Conclusions
The procedure for radiometric normalization suggested here is automatic, very fast and requires, apart from the chi- Table 13 As in Table 10, for orthogonal regression   TM band  1  2  3  4  5  7 Uncorrected (2000) square percentile, no externally adjustable parameters such as decision thresholds or subjective criteria for defining PIF masks; everything else is entirely determined by the image data themselves. The method yields results which compare favorably to those obtained by the more laborious manual choice of time-invariant features in the images involved. On the whole, orthogonal regression using the no-change pixels is to be preferred to ordinary least squares regression. As the no-change pixels are actually selected for each image on the basis of multispectral change detection relative to the reference image, the method automatically avoids interference due to cloud cover, or indeed due to any other kind of reflectance changes that might occur. In a recent proposal by Du et al. (2002) , pseudoinvariant pixels are also selected using statistical properties rather than physical characteristics of reflecting surfaces. Their selection of suitable pixels for normalization is based on a bitemporal principal component transformation. Because of the presence of change pixels in the transformation, the principal axis must be recalculated after setting of rejection thresholds. Since the principal component transformation, unlike the MAD transformation, is not scale invariant, the method proposed here would appear to be better and more natural. Conservation of radiometric resolution after normalization, an aspect emphasized in Du et al. (2002) , can of course be achieved similarly with the MAD method.
Finally, as an example of the application of relative radiometric normalization with MAD, Figs. 9 and 10 show 
The variance/covariance matrix (also known as the dispersion matrix) of the vector
where r 2 can be replaced bŷ
withĉ i = y i Àâ Àbx i . The root-mean-squared error (RMSE) isr.
The standard errors ofâ andb are the square roots of the diagonal elements of the above dispersion matrix. The test statistics forâ andb being significantly different from zero are the estimates divided by the standard errors.
A.2 . Orthogonal regression
In the model for ordinary least squares regression the x's are assumed to be error-free. In the calibration case where it is arbitrary what we call the reference variable and what we Fig. 10 . As in Fig. 9 , with radiometric normalization using the MAD procedure and orthogonal regression.
call the uncalibrated variable to be normalized, we should allow for error in both x and y. If we impose the model (we reuse the symbols â and bˆ, later also r)
with e and d as uncorrelated, white, Gaussian noise terms with mean zero and equal variances r 2 , we get for the estimator of b (Kendall & Stuart, 1979 
According to (Bilbo, 1989; Patefield, 1977) 
It can be shown that estimators of a and b can be calculated by means of the elements in the eigenvector corresponding to the smallest eigenvalue of the dispersion matrix of the n by two data matrix with a vector of the x's in the first column and a vector of the y's in the second column (Kendall & Stuart, 1979) . This can be used to perform orthogonal regression in higher dimensions, i.e., when we have, for example, more x variables than the one variable we have in our case.
Software packages to perform ordinary least squares regression (LAPACK) and orthogonal regression (ODR-PACK) can be found on the Internet.
